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Abstract: Intermediate wheatgrass (IWG, Thinopyrum intermedium, (Host) Barkworth & D.R. Dewey
subsp. intermedium, 2n = 6x = 42) is a novel perennial crop currently undergoing domestication efforts.
It offers remarkable ecosystem services and yields higher relative to other perennial grain crops.
While IWG is mostly resistant to Fusarium head blight (FHB), identifying genomic regions associated
with resistance will help protect the crop from potential disease epidemics. An IWG biparental
population of 108 individuals was developed by crossing parents differing in their response to FHB
and bacterial leaf streak (BLS). The population was screened for disease reaction over three years
using isolates collected from IWG plants in St. Paul, Minnesota, USA. Linkage maps representing the
21 IWG chromosomes were constructed from 4622 Single Nucleotide Polymorphism (SNP) markers,
with one SNP at every 0.74 cM. Interval mapping identified 15 quantitative trait loci (QTL) associated
with FHB resistance and 11 with BLS resistance. Models with two or three QTL combinations reduced
FHB disease severity by up to 15%, and BLS by up to 17%. When markers associated with FHB
resistance were used as cofactors in genomic selection models, trait predictive ability improved by
24–125%. These genomic regions and genetic markers associated with FHB and BLS resistance can
also be used to safeguard annual cereal grains through gene introgression and selective breeding.
Keywords: intermediate wheatgrass; crop domestication; fusarium head blight; bacterial leaf streak;
QTL; disease resistance mapping

1. Introduction
Plant diseases are major threats to crop performance and food security as they reduce yield and
affect global economy [1,2]. Chemical applications, as well as genetic deployment of resistance genes,
are effective solutions against diseases and can significantly boost yields [2–4]. Management of crop
diseases through the use of genetic resistance and agronomic practices to maintain healthy crop stands
is very important in long-living perennial systems that are cultivated for multiple growing seasons [5].
Intermediate wheatgrass (IWG, Thinopyrum intermedium, (Host) Barkworth & D.R. Dewey subsp.
intermedium, 2n = 6x = 42) is a cool-season perennial crop native to the Mediterranean and Eastern
Europe [6]. The University of Minnesota (UMN) has been developing IWG as a domesticated grain
crop since 2011. This crop provides continuous living cover, while producing grain and forage at a low
input cost. Because of its close taxonomical relationship with wheat (both belong to tribe Triticeae)
and near-immunity to several wheat diseases, IWG has been used to transfer resistance genes into
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wheat. Examples include the stem rust gene Sr44 [7], stripe rust gene YrYU25 [8], and other genes that
provide resistance against viral and fungal diseases [9]. Uncovering additional resistance genes will
be useful not only to IWG, but also to other annual small-grain crops. In this study, we dissect and
discuss the genetic resistance observed in an F1 IWG population against two devastating diseases of
cereal grains: Fusarium head blight, and bacterial leaf streak.
Fusarium head blight (FHB, also known as scab) is a devastating disease of wheat and can be
found in all wheat-growing regions of the world [10]. Caused primarily by the fungus Fusarium
graminearum, this disease localizes on the spikes, causing premature death of florets, reducing yield and
severely affecting grain quality. Disease initiates when wind-blown or rain-splashed fungal ascospores
and macroconidia land on the spikes during or shortly after anthesis [11]. Upon successful colonization,
the fungus kills florets and prohibits kernel development. The fungus also contaminates infected
seeds with a number of trichothecene mycotoxins, including deoxynivalenol, 3-acetyldeoxynivalenol
(3-ADON), and 15-acetyldeoxynivalenol (15-ADON), rendering the grain harmful for both food and
feed usage [12]. Despite the availability of cultivars with improved resistance and efficacious fungicides,
serious losses in wheat occur annually across the United States [11]. FHB is known to occur in IWG
populations at low disease levels (reported average disease severity of 15%) [13,14], and the crop is
currently considered quite resistant to the pathogen. The underlying genetics of FHB resistance in
IWG is yet to be studied, with this study being the first one to do so.
Bacterial leaf streak (BLS) of wheat has recently become a major disease in the Northern Great
Plains, and is primarily caused by the bacterium Xanthomonas translucens pv. undulosa (Xtu)—although
several pathovars exist and infect different cereal crops [15]. BLS is mostly observed in leaves with
longitudinal stripes and is often accompanied by production of translucent to milky exudates under
favorable conditions [16,17]. The pathogen causes elongated light brown lesions in leaves that gradually
turn necrotic, and in the case of advanced infections, longitudinal black stripes appear on the glumes
known as black chaff. In the Northern Great Plains of the United States, BLS is now considered the
second most important disease in wheat and barley after FHB, and may be responsible for yield
losses of up to 40% [15,18]. Fungicides are not effective against this disease, and the genetic control of
available resistance sources has not been well-characterized [19–21]. Discovery of additional novel
and effective sources of resistance is therefore imperative to protect cereal crops from this disease.
The extent of host-pathogen interaction between IWG and X. translucens is largely unknown, with
limited scientific reports indicating the virulence of X. translucens pv. cerealis to IWG cultivars ‘Rush’
and ‘Tegmar’, and accessions PI 547316 and PI 380636 [22]. BLS is typically absent from the IWG
selection nurseries conducted in Minnesota.
The IWG breeding and domestication program at the University of Minnesota focuses on
improving multiple agronomic traits, along with resistance to diseases and pests. As a perennial crop,
IWG plant stands remain in the ground for multiple cropping seasons. Selecting genotypes resistant to
diseases and pests is an important breeding objective, and is integral to crop adaptability, domestication,
and evolution [23,24]. The IWG breeding population is regularly evaluated for resistance against
FHB in inoculated and mist-irrigated nurseries, and susceptible genotypes are discarded. Reaction to
viral, bacterial, and other fungal diseases are evaluated as they appear. The advantages of selecting
genotypes with superior resistance are twofold: (1) Increase the frequency of resistant alleles in our
IWG breeding population, and (2) provide opportunity to transfer genes from resistant IWG genotypes
to annual cereal crops such as wheat and barley [25]. In order to achieve these goals, donor parents
hosting the resistance genes must be identified from periodic disease evaluations, followed by gene
mapping to identify the genes as well as markers linked with the genes.
Linkage mapping is a powerful approach used in discovery of genomic regions associated with
traits of interest. It can provide robust information needed to characterize regions harboring candidate
genes, especially when combined with high throughput sequencing [26]. Genetic markers identified
from linkage mapping studies can be used in marker-assisted selection to select superior genotypes
in a recurrent breeding program. To realize this, a high density consensus linkage map for IWG
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was developed using 10,029 polymorphic markers in seven families, totaling 1327 individuals [27].
For quantitative traits, markers can be used in genomic selection models for trait improvement at a
population level. In fact, the University of Minnesota IWG breeding program leverages the recently
completed IWG genome sequence [28] to identify high-quality DNA markers and use them in genetic
mapping studies, as well as in genomic prediction models [29–31]. Considering that the domestication
of a novel perennial crop such as IWG is a difficult task requiring selection on many traits, fortifying the
genomic selection-based breeding scheme with significant markers discovered from linkage mapping
can improve genetic gain and expedite the domestication process [30].
Therefore, this study was conducted with the primary purpose of discovering genetic loci in
a biparental IWG F1 population that provide resistance to FHB and BLS. In addition, we report
the percentage of phenotypic variance explained by these loci, the level of linkage disequilibrium,
and recombination frequencies observed in the linkage maps in this IWG population. We also explored
the usability of significant loci in practical breeding by testing QTL combination models and carrying
out genomic predictions for reductions in disease severity.
2. Materials and Methods
2.1. Biparental Population for QTL Mapping
The IWG F1 mapping population used in this study was developed by crossing the genets C20-7
and A77-3 [27]. A genet is defined as a genetically unique organism and refers to individual plants in
an outcrossing species such as IWG [30]. Both parents were from the first recurrent selection cycle
at the University of Minnesota (UMN_C1) and were selected because of their contrasting levels of
disease resistance in St. Paul, Minnesota (MN) during 2011–2013. Both parents were transplanted
into a greenhouse from the field and allowed 4 weeks of vegetative growth. Plants were vernalized
at 4 ◦ C for 8 weeks, then placed in a greenhouse to induce flowering. Flowering spikes from both
parents were enclosed in pollination bags during January–February 2014, and successful crosses were
hand threshed. Plants germinated from the seeds were transplanted in the field in September 2014.
Several tillers from each plant were cloned in September 2015 and were maintained in an outdoor plant
nursery until October. The F1 population was vernalized during November–December, and disease
phenotyping commenced in early 2016.
2.2. Breeding Population for Genomic Prediction
IWG genets from the third recurrent selection cycle of UMN IWG breeding population (UMN_C3)
were subjected to FHB screening in the field during 2017 and 2018. UMN_C3 consists of 451 genets
and has been described in detail by Bajgain et al. [29]. Field inoculation of UMN_C3 with FHB was
done in St. Paul, MN by spreading maize kernels colonized by F. graminearum to provide a source of
ascospore inoculum. The isolates of F. graminearum used were collected from wheat, barley, and IWG
in 14 Minnesota locations during 2013–2017 (Table S1). Infected maize kernels were first spread 5–7
days prior to heading, followed by two additional broadcasts 10 and 20 days later. A mist-irrigation
system, running for 10 min once an hour from 22:00 to 06:00, from 7 days pre-anthesis to 14 days
post-anthesis was used to facilitate disease development. The UMN_C3 genets in both St. Paul years
were observed to enter anthesis 18–21 days after heading and were highly resistant to FHB, with only
3% and 5% of the entire population deemed susceptible (≥50% severity) in 2017 and 2018, respectively.
For this reason, no genomic analysis was done with the field data except for genomic prediction as
outlined later in this section. Response of UMN_C3 to FHB in the field was recorded and coefficient
of FHB infection calculated in the same manner as outlined below for the greenhouse experiments.
The population was not rated for its response to field BLS due to the lack of a standard BLS inoculation
protocol for IWG.
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2.3. Genotyping
From each plant, 10–15 cm of leaf tissue was collected and dried on a silica bed for 5 days.
DNA was extracted from ground leaf tissue using the BioSprint 96 DNA Plant Kit (QIAGEN, Valencia,
CA, USA). Extracted DNA was quantified using picogreen, normalized, and double-digested libraries
were created for sequencing using genotyping by sequencing [32]. Sequences obtained from Illumina
HiSeq 2500 were filtered for minimum quality score of 30, de-multiplexed, and aligned to the IWG
reference genome v2.1 [28]. The program ‘bwa’ was used for reference indexing [33], and ‘samtools’
followed by ‘bcftools’ [34] was used for allele calling. SNPs were filtered based on the following criteria:
(1) minimum minor allele frequency of 35%, (2) maximum major allele frequency of 65%, (3) less than
10% missing data, (4) minimum read depth of 5 per allele, and (5) allele call between the two parents
must be different nucleotide bases. Sequences of this mapping population are available on NCBI’s
sequence read archive under BioProject PRJNA524302.
2.4. Linkage Map Construction and QTL Mapping
Linkage maps were constructed in Joinmap 4.1 [35]. As the parental alleles were known,
segregating SNP markers were converted into the appropriate format for an outbreeding full-sib family,
i.e., into <llxlm>, <hkxhk>, and <nnxnp>. Markers with similarity of ≥95% and P value of <0.001
in chi-square tests for segregation distortion were discarded. Since SNPs were called based on the
IWG reference genome, chromosome names were used as anchors for marker assignment into linkage
groups and ordering. Within each linkage group, SNP markers clustered together with logarithm of
odds (LOD) of 8 or greater were selected for ordering. Markers were ordered based on the maximum
likelihood algorithm and genetic distance was estimated using the Kosambi map function. Once a
preliminary map was constructed, the nearest neighbor (N.N.) fit test was done to remove SNP markers
that did not fit well at a given map position. Markers with N.N. stress value larger than 4 cM were
removed and the map reordered until the optimal map was obtained.
Pairwise linkage disequilibrium (LD) between SNP markers in the linkage maps were calculated
within Joinmap. LD between markers within a distance of 0.1 cM or less were not estimated. The rate of
LD decay was calculated according to Hill and Weir [36]. Recombination frequencies between pairwise
SNP markers were also estimated in Joinmap. Estimates of LD and recombination frequencies were
plotted in R [37] against the pairwise genetic distance (cM) for each IWG chromosome. The R package
‘hsphase’ [38] was used to estimate the number of recombination events and draw haplotype blocks.
Based on the LD results, 10 SNPs per recombination block were used to validate the breakpoints.
Non-imputed genotypic data was used for this purpose as this produces better results, as suggested by
Ferdosi et al. [38].
Trait data, genotype data, and map information were imported into MapQTL 6 [39] and interval
mapping for a cross-pollinated model was used to uncover significant loci. A mixture model with
mapping step size of 1 cM and maximum number of neighboring markers of 10 was run for 1000
iterations; QTL were declared significant at LOD value of ≥3.0. For all significant QTL, the peak LOD
value, the peak SNP marker, and percentage of explained phenotypic variation (R2 ) are reported.
2.5. Phenotyping and Statistical Analysis
The mapping population was evaluated for resistance to bacterial leaf streak (BLS) and Fusarium
head blight (FHB) under greenhouse conditions between January and April in 2016, 2017, and 2018.
BLS inoculations were carried out 5–7 days prior to anthesis. Xtu strain CIX134, which was collected
from IWG plants in St. Paul, MN in August 2012, was used for the greenhouse screenings [15].
Inoculum was prepared from 3 days-old purified bacterial cultures growing as lawns on Wilbrink’s
agar [40]. Cells were suspended in sterile saline solution (0.85% NaCl w/v), adjusted to 0.100 OD540 ,
and diluted 10-fold for a working concentration of 107 cfu ml−1 . Inoculum was stored in ice and
delivered to the plant within 1 h of preparation. Sterile saline solution was used as a mock control.
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Suspensions were loaded in blunt sterile syringes and infiltrated into the leaf surface until 0.1–0.3 mL
of suspension entered the leaf. Three flag leaves from each plant were infiltrated in two replications
of the population. Inoculated plants were grown at 28 ◦ C/22 ◦ C day/night with a 16 h photoperiod.
Once the flowering spikes were inoculated with F. graminearum, the temperature regime was changed
(described below) to favor Fusarium infection and the development of FHB. At 21 dpi, Xtu virulence
were recorded on a discrete scale by measuring lesion lengths (cm) [15].
An F. graminearum isolate collected from IWG plants in St. Paul, MN (field L-4, Minnesota
Agricultural Experiment Station) in 2014 was used for inoculations. The F. graminearum isolate was
cultured in sterile mung bean broth as described by Gautam and Dill-Macky [41], adjusted to a
concentration of 200,000 macroconidia mL−1 , and macroconidia were stored in 20 mL polyethylene
liquid scintillation vials (Wheaton Industries, Millville, NJ, USA) at −80 ◦ C until the day of inoculation.
This suspension was loaded in sterile syringes fitted with needles, and individual IWG spikes were
inoculated at a rate of 5 µl of the spore suspension per spike. For each genet, a spike at anthesis
(Z65; [42]) was inoculated at a single location near the middle of the spike. Five spikes were inoculated
per plant in two replications of the population. Inocula were placed inside the glumes of a single
floret of a single spikelet. Inoculated spikes were covered in a clear zip-lock plastic bag for 72 h to
increase humidity and produce an environment optimal for Fusarium infection [43]. Post-inoculation,
25 ◦ C/19 ◦ C temperatures with 16 h photoperiod was maintained for 21 days. At 21 dpi, the number of
infected spikelets and total spikelets per spike were counted. For each plant, the number of infected
spikelets was divided by total number of spikelets for each spike, and the result of each inoculated
spike averaged to get coefficient of FHB infection on a 0–1 scale, where 0 is completely resistant and 1
is completely susceptible.
2.6. Statistical Analyses and Genomic Predictions
All phenotypic data were corrected for environmental variability (trial effect) using the MIXED
procedure in SAS 9.3.1, following Sallam et al. [44]. Obtained best linear unbiased estimates (BLUEs)
were adjusted for trial effects. In order to improve the normality of data distribution, BLUEs were
√
transformed using arcsine-square root (arcsine 1 − (CI + 1)/100), log (log10 (CI + 1)), and square
√
root (( (CI + 1)/100)) methods. Improved normality of the transformed data was assessed using the
Shapiro-Wilk normality test (shapiro.test function) in R. Despite the test results confirming improved
normality, transformed data still departed from normality except for FHB17 and BLS17 (Table S2).
Based on the Shapiro-Wilk normality test, log-transformed datasets were best overall and used in all
subsequent analyses. Broad-sense heritability (H) of the two diseases was estimated on a genet mean
basis [29].
SNP markers significantly associated with FHB in this study were used as fixed effects in a genomic
selection model to study their effect on trait predictive ability in the UMN_C3 breeding population.
The adjusted BLUE values were used for genomic prediction in rrBLUP using the function kin.blup [45].
Correlations were calculated using fourfold validation method, i.e., between the estimated values of
the validation set (75% of UMN_C3) and the training set (25% of UMN_C3, sampled randomly without
replacement), and were averaged from 1000 replications.
3. Results
3.1. Disease Evaluation
The parent A77-3 exhibited high resistance to both FHB and BLS, whereas C20-7 showed high
and medium levels of susceptibility to FHB and BLS, respectively (Table 1, Figure 1). Distribution
of disease severity for both diseases were observed to be quantitative, yet with a predominance of
more resistant types relative to the population mean. Significant differences were observed between
A77-3 and C20-7 for their average responses to FHB across all three years (t-test p-value of 0.03 at
α = 0.05), but the differences for their responses to BLS was not significant (t-test p-value of 0.12 at
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α = 0.05). Disease distribution for the population was strongly transgressive, with the coefficient of
FHB disease distribution observed from 0.0 to 0.8 (0% to 80% susceptibility, in other words) and BLS
ranging from 0.0 to 5.9 cm; the maximum BLS response observed in the population was nearly twofold
that exhibited by the susceptible parent C20-7 (Figure 2). All pairwise correlations (r) among FHB16,
FHB17, and FHB18 were significant at α = 0.05 and ranged from r = 0.22 to 0.35 (Table S3). The pairs
BLS16–BLS17 (r = 0.21) and BLS17–BLS18 (r = 0.23) were also significant at α = 0.05, but BLS16–BLS18
was insignificant with r value of 0.16. Broad-sense heritability (H) for BLS across the three experimental
years was 0.39 and H for FHB was 0.53.
Table 1. Distribution of phenotypic data collected during 2016–2018 for Fusarium head blight (FHB)
and bacterial leaf streak (BLS) in A77-3 × C20-7 IWG F1 mapping population. Disease scale for FHB
ranges from 0 to 1, where 0 is resistant and 1 is susceptible. BLS was assessed by recording lesion
lengths (cm) as a form of discrete measurement.
Disease

Year

Parent Disease Scores (mean ± SD)
A77-3

C20-7

F1 Population Disease Scores
Range

Mean ± SD

2016
0.28 ± 0.00
0.43 ± 0.18
0.00–1.00
0.35 ± 0.27
6 of 18
2017
0.20 ± 0.09
0.43 ± 0.16
0.04–0.70
0.24 ± 0.13
FHB
2018
0.20 ± 0.14
0.56 ± 0.10
0.06–0.90
0.48 ± 0.19
was insignificant with
0.16. Broad-sense
(H) for BLS 0.36
across
the three
Meanr value
0.23of
± 0.08
0.47 ± 0.15heritability
0.03–0.83
± 0.20
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Table 1. Distribution of phenotypic data collected during 2016–2018 for Fusarium head blight (FHB)
and bacterial leaf streak (BLS) in A77-3 × C20-7 IWG F1 mapping population. Disease scale for FHB
ranges from 0 to 1, where 0 is resistant and 1 is susceptible. BLS was assessed by recording lesion
lengths (cm) as a form of discrete measurement.

Disease

FHB

Year
2016
2017

Parent Disease Scores (mean ± SD)
A77-3
C20-7
0.28 ± 0.00
0.43 ± 0.18
0.20 ± 0.09
0.43 ± 0.16

F1 Population Disease Scores
Range
Mean ± SD
0.00–1.00
0.35 ± 0.27
0.04–0.70
0.24 ± 0.13
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The UMN_C3
population
3.2. Genotyping
and Linkage
Maps evaluated for its resistance to FHB in the field was highly resistant,
with only 4% of the entire population susceptible (≥50% severity) to the fungus in 2017 and 2018
Sequencing of the A77-3 × C20-7 F1 mapping population generated approximately 1.5 million
(Figure S1).
reads per genet. The most recent version (v. 2.1) of the Thinopyrum intermedium reference genome
sequence
was used
read Maps
alignment and allele calling. In total, 2,642,109 SNPs were detected in 21
3.2. Genotyping
and for
Linkage
chromosomes in the mapping population. After removing SNPs that did not meet the filtration
Sequencing of the A77-3 × C20-7 F1 mapping population generated approximately 1.5 million
criteria (described in Materials and Methods
section), 43,730 SNPs remained (Table S4).
reads per genet. The most recent version (v. 2.1) of the Thinopyrum intermedium reference genome
Construction of linkage maps was done in Joinmap 4.1 with minimum LOD value of 8 used to
sequence was used for read alignment and allele calling. In total, 2,642,109 SNPs were detected in
group SNP markers. During this process, markers with high resemblance to each other and markers
that did not fit in a map were removed. The final map had 4622 SNP markers distributed among all
21 IWG chromosomes, with an average of 220 markers per chromosome (Table 2). The genome-wide
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21 chromosomes in the mapping population. After removing SNPs that did not meet the filtration
criteria (described in Materials and Methods section), 43,730 SNPs remained (Table S4).
Construction of linkage maps was done in Joinmap 4.1 with minimum LOD value of 8 used to
group SNP markers. During this process, markers with high resemblance to each other and markers
that did not fit in a map were removed. The final map had 4622 SNP markers distributed among all 21
IWG chromosomes, with an average of 220 markers per chromosome (Table 2). The genome-wide
allelic depth of these markers was 26 reads per SNP marker (Table S4). The total genome-wide length of
all 21 maps was 3439 cM with an average inter-SNP distance of 0.74 cM. The linkage group representing
Chromosome 5 had the fewest number of markers (73) and was the shortest, with a length of 91.5 cM.
Although the linkage group representing Chromosome 13 had the most markers (378), Chromosome
18 had the longest map with a length of 251.6 cM. Map positions of SNP markers in all linkage groups
and the physical locations of these markers were strongly correlated with genome-wide Pearson’s
correlation value (r) of 0.75, and ranged from 0.47 in Chromosome 5 to 0.91 in Chromosome 7 (Table 2).
Table 2. SNP marker distribution in 21 linkage groups representing the chromosomes of intermediate
wheatgrass (IWG). Marker order consistency is shown by correlation values (r) between the linkage
maps and physical distances (bp). Negative value indicates a flipped orientation of the linkage map
relative to the physical chromosome.
Chromosome

No. of SNPs

Length (cM)

Average Inter-SNP
Distance (cM)

Correlation with
Physical Distance

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21

352
224
164
270
73
286
233
263
94
163
230
172
378
193
237
198
179
201
258
200
254

207.8
134.2
141.3
168.1
91.5
159.6
180.6
170.0
137.7
109.2
97.3
99.2
224.1
169.5
153.3
141.8
218.4
251.6
155.3
233.8
194.6

0.59
0.60
0.87
0.62
1.27
0.56
0.79
0.65
1.48
0.67
0.42
0.58
0.59
0.88
0.65
0.72
1.23
1.26
0.60
1.17
0.77

0.59
0.74
0.73
0.77
−0.47
0.76
0.91
0.88
0.69
−0.83
0.80
0.73
0.77
0.77
0.79
0.83
0.69
0.83
0.78
−0.72
0.75

Sum
Average

4622
220

3438.9
163.8

0.81

0.75

3.3. Linkage Disequilibrium and Recombination Events
In the A77-3 × C20-7 IWG F1 population, the genome-wide distance for half decay of LD
was estimated to be 7.5 cM. The fastest decline in LD was observed in Chromosome 5 at 2.5 cM,
while Chromosome 9 had the largest distance (12.5 cM) for the LD to decline to 50% of its original
value (Figure 3). As expected, recombination frequencies were the highest among SNP pairs located
the furthest from each other and was supported by strong positive correlations between genome-wide
recombination frequencies and LD (r = 0.50), and recombination frequencies and pairwise marker
distance (r = 0.65). Across the whole genome, there were 2858 recombinations with an average of
136 per chromosome (Figure S2, Table S5). Chromosome 3 had the fewest recombination events (72),
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and Ti_Qfhb.umn-Chr18) were common between two FHB disease environments, and one QTL
Ti_Qfhb.umn-Chr18) were common between two FHB disease environments, and one QTL
(Ti_Qbls.umn-Chr3.2) was common between two disease environments. No QTL was common across
(Ti_Qbls.umn-Chr3.2) was common between two disease environments. No QTL was common across
all three environments for either disease. The resistant parent A77-3 contributed 9 out of 15 FHB QTL
all three environments for either disease. The resistant parent A77-3 contributed 9 out of 15 FHB QTL
and 7 of the 11 BLS QTL (Table 3). QTL contributed by A77-3 explained on average 12% and 11% of
and 7 of the 11 BLS QTL (Table 3). QTL contributed by A77-3 explained on average 12% and 11% of
the observed phenotypic variance for FHB and BLS, respectively, relative to 6% each for both diseases
the observed phenotypic variance for FHB and BLS, respectively, relative to 6% each for both diseases
by C20-7.
by C20-7.
The percentage of phenotypic variation (R22) explained by the BLS QTL ranged from 3.2 to 12.9;
The percentage of phenotypic variation (R ) explained by the BLS QTL ranged from 3.2 to 12.9;
these values for FHB QTL were 3.1 and 17.6, respectively (Table 3). The largest QTL observed for any
these values for FHB QTL were 3.1 and 17.6, respectively (Table 3). The largest QTL observed for any
disease and environment combination was Ti_Qfhb.umn-Chr12.2 in the FHB18 environment with R22
disease and environment combination was Ti_Qfhb.umn-Chr12.2 in the FHB18 environment with R
value of 17.6%. This QTL was also present in the FHB16 environment and had a slightly lower R22
value of 17.6%. This QTL was also present in the FHB16 environment and had a slightly lower R
value of 12%. The largest BLS QTL was Ti_Qbls.umn-Chr14.1 in the BLS17 environment with R22 value
value of 12%. The largest BLS QTL was Ti_Qbls.umn-Chr14.1 in the BLS17 environment with R value
of
of 12.9%.
12.9%.
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Table 3. Quantitative trait loci (QTL) for Fusarium head blight and bacterial leaf streak detected in the
A77-3 × C20-7 IWG population.
Trait

QTL Name

Peak SNP Marker

Chr

Pos (cM)

LOD

R2 (%)

Contributing Parent

FHB16

Ti_Qfhb.umn-Chr4.2
Ti_Qfhb.umn-Chr7
Ti_Qfhb.umn-Chr9
Ti_Qfhb.umn-Chr12.1
Ti_Qfhb.umn-Chr12.2
Ti_Qfhb.umn-Chr14.1
Ti_Qfhb.umn-Chr18
Ti_Qfhb.umn-Chr21.2

S04_93002901
S07_145440056
S09_325459398
S12_224745368
S12_297702937
S14_1567568
S18_472824840
S21_325649929

4
7
9
12
12
14
18
21

64.83
54.14
73.43
17.03
35.84
25.64
11.41
91.58

3.90
4.95
7.69
6.54
8.74
8.46
7.57
4.19

4.3
11.9
11.3
10.4
12.0
10.1
10.8
9.1

C20-7
A77-3
A77-3
A77-3
A77-3
C20-7
A77-3
A77-3

FHB17

Ti_Qfhb.umn-Chr3.1
Ti_Qfhb.umn-Chr4.1
Ti_Qfhb.umn-Chr7
Ti_Qfhb.umn-Chr12.1
Ti_Qfhb.umn-Chr12.2
Ti_Qfhb.umn-Chr13
Ti_Qfhb.umn-Chr14.2

S03_57465451
S04_44702081
S07_145440056
S12_224745368
S12_297702937
S13_257779646
S14_282002781

3
4
7
12
12
13
14

16.31
25.16
54.14
17.03
35.84
207.45
62.27

3.63
8.79
5.73
6.80
10.36
3.73
3.15

8.1
15.3
11.0
11.4
17.6
3.1
4.8

C20-7
A77-3
A77-3
A77-3
A77-3
C20-7
C20-7

FHB18

Ti_Qfhb.umn-Chr10
Ti_Qfhb.umn-Chr12.3
Ti_Qfhb.umn-Chr18
Ti_Qfhb.umn-Chr21.1

S10_32674865
S12_335131053
S18_472824840
S21_73121994

10
12
18
21

91.40
46.83
11.41
31.77

3.23
6.93
11.81
3.19

5.3
15.3
15.6
5.1

C20-7
A77-3
A77-3
A77-3

BLS16

Ti_Qbls.umn-Chr1.2
Ti_Qbls.umn-Chr3.2
Ti_Qbls.umn-Chr4.1
Ti_Qbls.umn-Chr4.2
Ti_Qbls.umn-Chr4.2
Ti_Qbls.umn-Chr15

S01_371412974
S03_146509486
S04_44702081
S04_93002901
S04_158111261
S15_73155829

1
3
4
4
4
15

192.78
68.56
25.55
64.83
93.69
103.01

4.60
4.47
5.81
3.66
3.12
6.69

10.5
10.0
11.3
6.8
10.2
10.8

A77-3
A77-3
A77-3
C20-7
C20-7
A77-3

BLS17

Ti_Qbls.umn-Chr1.1
Ti_Qbls.umn-Chr8
Ti_Qbls.umn-Chr12.3
Ti_Qbls.umn-Chr14.1
Ti_Qbls.umn-Chr21.2

S01_501973344
S08_387846008
S12_335131053
S14_1567568
S21_325649929

1
8
12
14
21

132.18
132.01
46.83
25.64
91.58

3.39
3.53
7.75
9.23
3.79

3.7
3.2
11.6
12.9
7.3

C20-7
C20-7
A77-3
A77-3
A77-3

BLS18

Ti_Qbls.umn-Chr3.2
Ti_Qbls.umn-Chr20

S03_146509486
S20_201616698

3
20

68.56
9.66

4.77
3.32

11.6
5.6

A77-3
C20-7
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QTL are combined. Error bars represent the standard deviation of disease distribution.
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Figure 6. Predictive ability of Fusarium head blight (FHB) estimated by the ridge regression model
Figure 6. Predictive ability of Fusarium head blight (FHB) estimated by the ridge regression model in
in rrBLUP. SNP markers associated with FHB resistance in this study were used as fixed effects in
rrBLUP. SNP markers associated with FHB resistance in this study were used as fixed effects in the
the model to predict trait data collected in St. Paul, MN in 2017 (StP-FHB17) and 2018 (StP-FHB18).
model to predict trait data collected in St. Paul, MN in 2017 (StP-FHB17) and 2018 (StP-FHB18). Each
Each boxplot represents 1000 data points, i.e., correlations between the predicted trait value and actual
boxplot represents 1000 data points, i.e., correlations between the predicted trait value and actual trait
trait value observed in the field obtained from 1000 independent runs.
value observed in the field obtained from 1000 independent runs.
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isolates because the same pathogen isolates were used in inoculations each experimental year. Rather,
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genotype by environment interactions may be responsible for the poor correlations. We propose this
because of the quantitative nature of disease distributions, as well as the lack of distinct gene-for-gene
interactions, because several small to medium effect QTL were involved in disease resistance. This is
further supported by low heritability estimates for both diseases—i.e., H = 0.39 for BLS and H = 0.53
for FHB. While the resistance is conferred by several small loci, environmental factors also are large
determinants of pathogen pressure and disease development.
Using interval mapping, we discovered 22 QTL associated with FHB and BLS resistance in the
A77-3 × C20-7 IWG F1 population. These QTL ranged from small to moderately large in terms of
the percent of phenotypic variance explained (R2 = 3.1–17.6%), with the largest QTL detected in the
FHB18 environment. In wheat, resistance to BLS is likely conferred by several minor effect genes,
as reported by previous studies [20,21]. QTL mapping in triticale populations also infected by Xtu
revealed a single dominant gene (or few tightly linked genes) on chromosome 5R [53]. For FHB
mapping in wheat, several QTL mapping studies have reported more than 100 QTL with varying levels
of disease reduction [54,55]. All QTL observed in our population were of small to medium effect with
median R2 values of 8.9% and 10.8% for BLS and FHB, respectively; one exception was the FHB QTL
Ti_Qfhb.umn-Chr12.2, which showed a moderately large effect (17.6%). Further validation of medium
and large QTL for both diseases in different mapping populations is necessary to confirm their effect
and usability in marker-assisted selection. Based on the similar levels of effects observed between
wheat and IWG, we hypothesize that resistance to FHB and BLS in IWG are conferred by small to
medium effect QTL. Nonetheless, discovery of QTL with larger effects remains a possibility in future
IWG mapping populations.
It has been well established that resistance to FHB in wheat is of a quantitative nature and
combinations of multiple QTL additively protect the crop from the disease [54,55]. Our findings
suggest that the resistance to FHB in IWG is also inherited in a quantitative manner. Yet, the levels of
natural resistance to FHB in these two crop populations are vastly different. To illustrate, our UMN_C3
IWG breeding population was predominantly resistant to FHB in the field as only 4% of the population
was susceptible. In wheat however, larger proportions of elite breeding populations have shown
susceptibility as evident in European soft wheat [56], US soft red wheat [57], spring wheat from the
US and CIMMYT [58], and Asian and European wheat lines [59]. The low disease severities in IWG
support previous findings [13,14] and our own field observations that IWG is principally resistant to
FHB. IWG, therefore, may be a source of novel FHB (and BLS) resistance loci for wheat and other
annual cereal grain crops.
Measures of LD and recombination frequencies generally determine mapping precision as they
dictate the relationship between causative variants and candidate genes [60]. In this IWG F1 mapping
population, we observed that the average genome-wide LD decayed to half its value at a distance of
7.5 cM. The linkage maps of this population had approximately 10 markers every 7.5 cM (inter-SNP
distance of 0.74 cM on average). In addition, the average genome-wide recombination events per genet
was found to be 22. Thus, the overall marker density provided good coverage of genomic regions
and we are confident of the mapping resolution and QTL mapping results. However, because LD
extended over a long distance, functional annotation of regions flanking the QTL was not pursued.
This will be our next task, likely in a larger breeding population with lower LD and higher frequency
of recombination events. Such populations tend to have higher resolution for fine mapping a QTL
and can aid in discovery of candidate genes [61]. Results obtained will be applied in marker-assisted
selection and genomic selection models in our IWG breeding program. It should be noted that the
half-decay distance in this population is slightly higher than those reported in other IWG populations:
5 cM in UMN_C1 breeding population [30] and 4.5 cM in UMN_C3 population [29]. This difference is
possibly because of different population types: the population reported in this study is an F1 hybrid
population obtained from crossing only two parents, whereas UMN_C1 and UMN_C3 populations
were obtained from open pollination of many (n ≥ 70) genets.
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A proven strategy to improve disease resistance is through gene pyramiding, in which multiple
resistance genes are combined or stacked into a set of desirable parents to improve future breeding
populations [62]. In our two and three QTL models, genets with the two or three largest effect QTL
from each environment for both diseases showed up to 15% reduction in FHB severity and up to 17%
reduction in BLS severity (Figure 5). These multi-QTL combinations could provide near-immunity, as
stacking multiple genes and their simultaneous expression are hypothesized to create a difficult barrier
for the pathogen to overcome [63]. Pyramiding several resistance genes can be a long-term breeding
goal, whereas development of molecular markers linked with the QTL can be a short-term goal in a
breeding program. We plan to embrace this strategy by using diagnostic markers to screen IWG genets
carrying resistant loci and use them as parents to initiate future IWG breeding cycles. With help from
marker-assisted selection and/or genomic selection, we will aim at increasing the frequency of resistant
alleles, thereby aiding us in protecting this novel crop from potential disease epidemics in the future.
The University of Minnesota IWG breeding program routinely implements genomic selection to
select the best parents in its recurrent selection breeding scheme. Multiple agronomic traits and disease
phenotypes are combined with SNP markers obtained from high throughput sequencing to train the
genomic selection models. Upon using SNP markers significantly associated with FHB resistance in the
A77-3 × C20-7 IWG F1 population as fixed covariates in the ridge regression model [45], improvements
were seen in the predictive ability of the model, albeit from only 0.08 to 0.19. For a novel crop such
as IWG with a relatively short domestication history, this degree of increase in trait prediction is
encouraging, and can boost the ongoing breeding efforts. In effect, application of genomic selection
has practical and tangible implications for IWG improvement, as shown by previous studies [29,30].
Implementation of genomic selection has benefitted our IWG breeding program by saving time and
resources, while also increasing the speed of genetic gain per breeding cycle. We intend to pursue QTL
mapping endeavors for other traits in future IWG breeding cycles and populations, and use discovered
significant loci in genomic selection models to improve our IWG breeding germplasm.
5. Conclusions
To our knowledge, this is the first study to carry out genetic mapping for resistance to Fusarium
head blight and bacterial leaf streak in intermediate wheatgrass. We identified 15 genomic regions
in IWG that provide resistance to FHB and 11 regions conferring resistance to BLS; five of which
were common between the two diseases. Two or three QTL models reduced disease severity for both
diseases. Likewise, using markers significantly associated with FHB resistance in genomic selection
models improved trait prediction ability, although the highest average r value only reached 0.26.
Likewise, as the University of Minnesota IWG breeding program implements a rigorous genomic
selection-based approach for IWG breeding and domestication, improvement in trait predictions
will help in the development of elite germplasm resistant to these potentially devastating diseases.
These loci may also be explored for their use in annual cereal crops, such as wheat and barley, via gene
introgression to provide resistance to these diseases.
Supplementary Materials: The following are available online at http://www.mdpi.com/2073-4395/9/8/429/s1.
Table S1: Information on FHB isolates used in this study; Table S2: Shapiro-Wilk test of normality on the
phenotypic data before and after transformation; Table S3: Pearson correlation coefficient (r) values observed
among Fusarium head blight (FHB) and bacterial leaf streak (BLS) datasets in IWG F1 mapping population
A77-3 × C20-7. The symbols ** and * indicate significance at p < 0.01 and p < 0.05, respectively; Table S4: Allelic
depth of all filtered SNPs and SNPs in the linkage maps in the IWG F1 population A77-3 × C20-7; Table S5: LD
and recombination frequency estimates in the IWG F1 population A77-3 × C20-7; Table S6: Raw BLS and FHB
phenotypic data; Figure S1: Distribution of field FHB data observed in the UMN_C3 breeding population in
St. Paul, MN during 2017 and 2018. Coefficient of infection of 0 indicates immunity and 1 indicates complete
susceptibility; Figure S2: Haplotype blocks showing recombination breakpoints in the linkage maps of the IWG F1
mapping population A77-3 × C20-7. SNP markers are arranged along the X-axis in their respective orders in the
linkage maps they belong to; the population is arranged on the Y-axis. Black color indicates missing allele calls;
and Figure S3: Reductions in FHB disease levels in (A) 2017 field season and (B) 2018 field season in UMN_C3
population with two or three QTL models. To obtain these estimates, genets containing QTL with the highest R2
values observed in each environment were identified with the exception of Ti_Qfhb.umn-Chr4.1. This QTL was the
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second largest in FHB17 and was used since both FHB16 and FHB17 shared the largest QTL, Ti_Qfhb.umn-Chr4.1,
in both environments. Text accompanied by red bars show the percentage reduction in disease when QTL are
combined. Error bars represent the standard deviation of disease distribution.
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